INTRODUCTION
Disparities in unemployment rates are sizeable and persistent both between and within many countries (OECD, 1989 (OECD, , 1990 (OECD, , 2000 (OECD, , 2005 Blanchard and Katz, 1992; Decressin and Fatas, 1995; López-Bazo et al., 2002; Overman and Puga, 2002; Cracolici et al., 2007; Bande et al., 2008; Filiztekin, 2009) . In Spain, for example, data from the Labour Force Survey (LFS) reveal that the unemployment rate in 2010 was 20.2%, the highest among OECD members.
This figure contrasts sharply with the lowest rates recorded in OECD economies, namely in Norway and Korea (3.7% and 3.8% respectively). A comparison of the unemployment rates in the various member states of the European Union (EU) -the highest being in Spain and the lowest in the Netherlands, Austria and Luxembourg (4.5%) -shows marked disparities also between countries of an economically integrated area with a common currency. However, the magnitude of disparities is even greater within than it is between countries. Thus, in Spain in 2010 the unemployment rate in Andalusia and the Canary Islands reached 28% and 28.7%
respectively, whereas at a distance of a few hundred kilometres and within a similar institutional framework, the rate in the Basque Country was 10.5%.
As such, the regional gap in Spain's unemployment rate is of a similar order of magnitude to that observed between the country considered as a whole and rates recorded in EU and OECD economies. Furthermore, the analysis in OECD (2005) suggests that Spain is no anomaly here, as the degree of regional disparity in unemployment rates within a number of countries (including Germany, Italy, Mexico, and Turkey) is even higher than that observed in Spain.
These results also point to the increase in regional inequality within countries as being at the root of the intensification of overall inequality in unemployment rates in Europe.
From a theoretical perspective, in a world characterized by the absence of adjustment costs and rigidities, disparities in unemployment rates across locations would not be expected to persist. Situations of excess labour in one area would quickly disappear as workers moved to areas with higher rates of unemployment. However, the evidence (Lazar, 1997; Evans and McCormick, 1994; Martin, 1997; Martin and Sunley, 1999; Overman and Puga, 1999; López-Bazo et al., 2005) indicates just the opposite: regions with high unemployment in a given decade continue to suffer high unemployment rates in the following decades, while regions with low unemployment continue to enjoy low rates.
The slow wage adjustment rate and the high costs incurred by individuals and firms when migrating probably explain why idiosyncratic shocks, or contrasting regional responses to common shocks, might cause unemployment rates to differ markedly across regions for long periods. Given this explanation, heterogeneity in the spatial distribution of unemployment can be seen as what Marston (1985) defines as a disequilibrium phenomenon. A second explanation as to why certain areas have differing unemployment rates is also provided in Marston (1985) , drawing on ideas in Hall (1972) and Rosen (1974) . A steady-state relationship in unemployment rates across regions exists as a function of their factor endowment and since this endowment differs from one region to another, the spatial distribution of unemployment is not homogeneous. Moreover, as long as this endowment remains stable, the distribution of unemployment will not change dramatically. This equilibrium hypothesis, therefore, is based on the idea that workers have incentives not to migrate when unemployed because, for one reason or another, they value these endowments.
On the other hand, when selecting their optimal location, firms take into account other regional endowments in addition to those of wage and unemployment rates (Partridge and Rickman, 1997) . Evidence regarding high wages in areas of high unemployment supports this view, as does the preference for certain facilities and amenities. Martin (1997) and Partridge and Rickman (1997) extend the list of factors that might account for unemployment equilibrium differentials to permanent differences in economic, institutional and labour market characteristics across regions.
Most previous contributions to the empirical literature (Elhorst, 1995; Partridge and Rickman, 1997; Taylor and Bradley, 1997; López-Bazo et al., 2002 , 2005 Filiztekin, 2009 ) have sought to analyse the determinants of regional inequalities in unemployment by means of an aggregate specification in which the unemployment rate in each region, or the deviation from a benchmark (the nationwide average or the region with the lowest rate), is related to regional magnitudes proxying for both the disequilibrium and the equilibrium determinants of unemployment. It should be noted that this aggregate approach imposes the same effect on each variable in all regions, while only partially (and thus imperfectly) accounting for regional heterogeneity in individual and household characteristics, i.e., for the sorting of individuals across regions according to their observed characteristics.
The expected impact of education on unemployment can be used to illustrate our argument. A rising level of education in a region is assumed to have a negative impact on its rate of unemployment, given that findings at the micro level suggest that education increases the probability of an individual finding and keeping work (e.g., Mincer, 1991; OECD, 2011) . Accordingly, the effect of the regional endowment of education on the regional unemployment rate is estimated to be negative and significant in six out of the nine studies reviewed by Elhorst (2003) . Yet, contradictory findings are reported in the remaining three studies. Furthermore, the effect is reported as being positive, and in some cases even significant, for the set of Canadian regions in Partridge (2001) , while no significance was found for the Spanish regions in López-Bazo et al. (2002 , 2005 . Likewise, Filiztekin (2009) finds no evidence of a robust negative effect for the Turkish provinces. Thus, there would seem to be some contradiction between the expected effect of education on an individual's probability of unemployment and the findings of empirical studies using micro-data, and (at least part of) those of aggregate studies using regional data.
In this paper, we seek to complement previous evidence of regional unemployment disparities obtained from studies using aggregate data, with results based on the exploitation of microdata. By drawing on information for individuals in each region, we are able to control for the spatial distribution of the set of characteristics that shape an individual's probability of being unemployed and, by aggregation, the unemployment rate at the regional level. To the best of our knowledge, this represents a novel contribution to the literature that analyses regional disparities in labour market quantities (unemployment, employment. and participation rates).
In fact, the use of information at the individual level within each region enables us to assess the contribution of differences in the endowment, and in the impact of the characteristics that determine an individual's probability of unemployment, to the regional unemployment rate gap. It should be stressed that the decomposition of the gap between two groups of workers (male and female, native and immigrant, etc.) for a magnitude of interest (usually wages) has been standard practice in the labour economics literature since the seminal proposals made by Oaxaca (1973) and Blinder (1973) . However, the application of this methodology in the regional economics literature remains scarce and focused primarily on wages (see, for instance, García and Molina, 2002; López-Bazo and Motellón, 2011; and Pereira and Galego, 2011) .
The standard detailed decomposition is only suitable for linear models and, thus, cannot be applied in decomposing the gap in the probability of unemployment. Thus, here, as an alternative, we apply the generalized decomposition method suggested by Yun (2004) , which provides a detailed decomposition of the effects of each variable (or groups of variables) under analysis in the case of non-linear models. As far as we are aware, this approach has only previously been applied in a regional context by Motellón (2008) to analyze regional gaps in the probability of being hired under temporary contract in Spain. We should stress that the possibility of obtaining a detailed decomposition of the regional unemployment gap is crucial to our analysis given our interest in isolating the effects attributable to different sets of characteristics (individual vs. household) and, in particular, in assessing the role of an individual's education in accounting for regional unemployment rate differentials.
A detailed decomposition is reported in this study in order to assess the contribution of a broad set of individual and household characteristics that might account for regional gaps in unemployment rates in Spain. Drawing on micro-data for the Spanish regions taken from the LFS, we obtain results that indicate that only part of the regional gap in unemployment rates can be explained by the spatial distribution of observed individual and household characteristics (i.e., spatial sorting linked to observed characteristics). In other words, Spain's regions also differ in the impact that these characteristics can have on the probability of being unemployed in a given region and, in fact, this accounts for a sizable part of the gap. Our results also suggest that education has a substantial impact, but that this impact is far from straightforward. Thus, on the one hand, low levels of education in some regions contribute to higher rates of unemployment; on the other hand, the more marked impact of low levels of schooling on the probability of being unemployed in regions with high unemployment serves to reduce what would otherwise be a wider regional gap in unemployment rates. Studies using aggregate data at the regional level are unable to detect this feature as they assume the same throughout the regions.
The rest of the paper is structured as follows. The next section introduces the dataset used in the analysis and describes the main features of the regional distribution of unemployment rates in Spain. It also defines two groups of regions with markedly contrasting incidences of unemployment, and shows that the distribution of certain individual and household characteristics in these two groups is far from equal. The probabilistic model used to estimate the impact of the observed characteristics on the probability of unemployment in each group of regions is defined in Section 3. This section also outlines the methodology used to obtain the detailed decomposition of the gap observed between regions with high and low unemployment rates. Section 4 discusses results concerning the regional heterogeneity in the impact of the observed characteristics and those concerning the detailed decomposition, with a particular concern for the effect associated with the number of years of schooling attributable to an individual. Additional results obtained from using an alternative proxy for education, and when distinguishing by gender, are discussed in Section 5. Finally, we offer some concluding comments in Section 6.
DATA AND DESCRIPTIVE ANALYSIS
In contrast with previous studies in the literature that draw on statistical information at the aggregate regional level, our study is based on individual data for each of the regions under rough measure of the probability of being unemployed, Table 1 indicates that a representative (average) individual of the active population in Andalusia, or in Extremadura, is between two to three times more likely to be unemployed than a counterpart in regions at a distance of just a few hundred kilometres (e.g. La Rioja, Navarra, and Aragon).
In line with previous studies (e.g. Filiztekin, 2009; Patacchini and Zenou, 2007; López-Bazo et al., 2002) , regional unemployment rates in Spain are spatially clustered. Figure 1 3 Therefore, the two groups comprise geographically adjacent regions with similar unemployment rates. However, these rates differ markedly from those in the other regions. Table 2 shows that the gap in unemployment rates between the two regional groups is large and persistent, though it decreases somewhat over the period under analysis, from 16 to 12 percentage points.
The unemployment rates of the two groups of regions defined above may be distinct because of differences in the distribution of the individual characteristics that determine the probability of an individual being unemployed. In other words, the regional gap in unemployment rates might be explained by differences in the regional endowments of the aforementioned characteristics, since the sorting of individuals across regions is dependent on their observed characteristics. Thus returning to the example outlined above, the gap between the HUR and LUR groups of regions would be attributable to the lower educational attainment of individuals in the HUR regions. A simple description of the observable characteristics presented by the two groups of regions (see Table 3 ) shows that, while for some (i.e., gender, nationality and age) there are no significant differences, they do differ markedly in the endowment of other determinants of the probability of unemployment. For example, the two groups of regions differ in terms of family composition and size and, interestingly, in their respective populations' skills composition. In addition, the average number of years of schooling in the LUR group is consistently one year greater than that in the HUR group over the entire period. This difference reflects the gap between the two groups of regions in terms of the share of their respective populations with post-compulsory education (beyond "first secondary"), that is occupying an interval that is 12 to 15 percentage points higher in the LUR regions.
Thus, it is essential to determine whether the spatial sorting that results in the endowment disparities in the observed characteristics accounts for most of the observed gap in regional unemployment rates. To obtain preliminary evidence of such concerns, we computed the unemployment rate in each region within the categories of the observable characteristics. The results are summarised in Table 4 . Were the differences in the aggregate probability of unemployment between regions to be explained by the different distribution of endowments, we would observe far smaller differences in probability within each of the categories. The figures in Table 4 suggest that this is not in fact the case as the probability of unemployment is much higher in the HUR group than it is in the LUR group for all categories of the full set of observed characteristics. The only exception to this general rule is the higher rate of unemployment among immigrants in the LUR group in 1999, at a time when international migration was still scarce in Spain.
Disparities between the two types of region in terms of their respective unemployment rates within levels of schooling are of particular interest. Notice that the absolute magnitude of the gap for some of the schooling categories is even wider than that for the entire population.
Thus, for instance, the unemployment rates in the HUR regions in 2009 for those with primary and the first level of secondary education were 33.6% and 30.9% respectively, almost doubling those in the LUR (17.2% and 17.0% respectively). Absolute and relative differences were even more marked in previous years, before, that is, the impact of the worldwide financial crisis was felt in Spain. In 2004, the probability of individuals with only primary schooling being unemployed was almost 19% in the HUR group and only 5.2% in the LUR group. Similar gaps can be observed in the case of secondary schooling and vocational training (unemployment rates between 15% and 20% in the HUR regions and around 5% in the LUR group). Finally, among those with a university degree, the probability of unemployment was above 10% in the HUR regions vis-à-vis 5% in the LUR group.
Interestingly, our results suggest that the impact of the financial crisis has only led to a closing of the gap in unemployment rates for individuals with the lowest skills (no schooling), with almost no effect being recorded in the case of secondary and tertiary education.
In short, our preliminary findings suggest that differences in the impact of the observed characteristics (i.e., in their return or behavioural responses) may play a role in explaining the regional gap in unemployment rates. In the remaining sections we estimate these effects in each group of regions and decompose the gap in unemployment rates in terms of the contribution of differences in the endowment of characteristics and in terms of that of their impact.
METHODOLOGY
The empirical setting for the assessment of the impact of the observed characteristics assumes that the probability of an individual in a group of regions G (=HUR, LUR) being unemployed depends on that individual's set of endowments (including gender, nationality, age and education), and on his or her household characteristics (including the size of the household, having children, and whether another household member is employed):
where prob(U=1) denotes the probability of unemployment, Φ the cumulative normal distribution function, X includes the aforementioned characteristics, and β is the corresponding vector of coefficients.
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The average probability of unemployment in G is:
4 Notice that given the focus of this study, we deliberately exclude all determinants of the individual probability of being unemployed (such as those considered in studies using aggregate regional data) other than those operating at the micro level. We assume that regional differences in the macro determinants will affect the impact of the individual characteristics in each region and, thus, that their effect will be captured by the term accounting for regional differences in the impact of the observed characteristics in the decomposition described below.
where "over bar" denotes the average over the sample of individuals. Such an average is an estimate of the unemployment rate in G (the percentage of unemployed among the entire set of individuals participating in the labour market). Counterfactual average probabilities of unemployment in G (i.e., counterfactual unemployment rates) can be computed by imposing either the vector of average values of X or the vector of coefficients β, in the other group of regions. In the case of this study:
If the impact of the observed characteristics was the same as that on the LUR group, the unemployment rate in the HUR group would be derived from equation (3). Likewise, the counterfactual unemployment rate in equation (4) corresponds to that of the HUR group if they had the same endowment of observed characteristics as the LUR group.
From the probabilistic specification in (1), and the aforementioned counterfactual probabilities, the difference in prob(U=1) at the first moment of the distribution-i.e., the mean difference of prob(U=1) -between groups HUR and LUR can be decomposed as:
The first term in the RHS of (5),
, corresponds to differences in the characteristics of individuals in the two groups of regions, i.e., the differences in the unemployment rate caused by the spatial sorting of individuals. It can be seen as the gap in the unemployment rate that would be observed if the impact of the observed characteristics were homogeneous across regions.
The contribution of differences in coefficients, the behavioural responses to the observed characteristics, is captured by the second term in the RHS of equation (5),
⎦ . This can be seen as the gap in the unemployment rate that would be observed in the absence of spatial sorting, i.e., if the regions had not differed in their endowment of individual and household characteristics.
Both terms in the RHS of equation (5) can be either positive or negative. A positive contribution will be obtained when regional differences in the endowment, or in the impact, of the characteristics widen the gap in unemployment rates. That is, when it causes higher unemployment in the HUR group. By contrast, a negative contribution indicates that the difference in the endowment, or in the impact, favours the group of HUR regions, i.e., results in a lower unemployment rate in these regions than in their LUR counterparts.
Thus, the overall decomposition in (5) presents the same form as that of the traditional Blinder (1973) and Oaxaca (1973) decomposition. But the non-linearity in Φ(.) prevents us from computing the particular contribution of each of the characteristics following the traditional decomposition. This is a major drawback if, as in this study, we are concerned with assessing the particular contribution of a characteristic or set of characteristics. In our case, we are particularly interested in, on the one hand, disentangling the contribution of the individual and the household characteristics and, on the other, in assessing the role of regional differences in education (both in its endowment and its impact). For this reason we adopt the approach suggested by Yun (2004) for obtaining a detailed decomposition of the gap in the probability between the two groups of regions. In the case of our probabilistic specification, the detailed decomposition can be obtained from:
where: The contribution of the endowment of a characteristic, or of that of its impact, can be either positive or negative. The interpretation is similar to that discussed above in the case of the global decomposition, but now attributable just to the specific characteristic under analysis.
RESULTS

Regional differences in the impact of individual and household characteristics
The first step in our assessment of the role played by differences in endowment and in the impact (or behavioural response) is to estimate the effect of the observed characteristics on the probability of unemployment in each group of regions. The estimate of the coefficients β in the probit models for the HUR and the LUR groups is used to compute the decomposition in (5) and (6). However, before discussing the results of the decomposition, we show that the estimated effects of the observed characteristics differ markedly between the two groups of regions for all the years under analysis.
We base our comparison of the impact of the characteristics on their corresponding marginal effects (in line with the usual method for interpreting the magnitude of the effects in probabilistic models). Marginal effects are computed based on an estimation of the coefficients in the probabilistic model in (1). 5 The variables included in this model are those of individual characteristics: gender, nationality, age, number of years of schooling as the proxy for education, 6 marital status; and those accounting for the characteristics of the household: number of members, dummy for the head of the household, number of children, dummy for children under 9, and dummy for another employee. Table 5 shows the estimated marginal effects (valued in the sample average for each group of regions) from the estimates of the probit model in the three years under analysis. It can be 5 Note that the decompositions in (5) and (6) can be re-written as a function of marginal effects and sample averages of the observed characteristics. This is an additional reason for showing and discussing here the estimate of the marginal effects as opposed to the estimated coefficients in the probit models. However, the estimates of the coefficients of the probit models are available from the authors upon request. 6 Results obtained when using a set of dummies accounting for different levels of educational attainment are discussed in Section 5.
observed that most of the marginal effects for the categories of the individual characteristics are statistically significant and display the expected sign. Being male reduces the probability of unemployment in both types of region, although the effect decreases substantially over the period. Yet, the impact of gender is not homogeneous as this fall in probability for males with respect to females is much higher in the HUR group of regions. Holding Spanish nationality also reduces the probability of being unemployed in both types of region, with a more marked effect at the beginning and the end of the period. Here, also, the impact of nationality differs considerably in the two groups of region: after controlling for a broad set of individual and household characteristics, native workers present a much lower probability of being unemployed than immigrants in the LUR regions. Interestingly, estimates for 1999 and 2004
suggest that during the last economic boom nationality per se did not exert any influence in the high unemployment regions, which would, in part, account for the foreign immigration observed to those regions during that period. However, the financial crisis changed this situation, so that even in the HUR regions immigrants faced greater probabilities of unemployment than natives (although the marginal effect associated with Spanish nationality was still higher in the LUR group in 2009).
Our results in Table 5 also confirm that age is inversely related to the probability of unemployment. They also indicate that most of its effect appears to be concentrated in the lowest categories (youth unemployment). In other words, there would seem to be a marked distinction in the probability of unemployment between the youngest groups (under 30 years old), on the one hand, and the mature active population, on the other. In this case also the magnitude of the effect of age evolves over time with that of the unemployment rate (falling The effect of schooling is also negative in the LUR group, though much more moderate in its magnitude. In fact, in these regions it is only statistically significant at the 1% level in 2009, with a magnitude that is less than half that presented by the HUR group. Thus, it would seem that particularly in periods of economic boom with low rates of unemployment, schooling in itself (i.e., after controlling for all other individual and household characteristics) has a negligible effect on the probability of being unemployed in the LUR regions. In sum, these results confirm that the two groups of regions not only differ in their educational endowment, but that they also differ markedly in terms of the impact that schooling has on the probability of being unemployed in the respective regions.
Our results regarding marital status, the last of the individual characteristics to be considered, indicate that being single increases the probability of being unemployed with respect to the other statuses in all years. In 2009, positive and significant (at the 5% level) coefficients are also found for being a widow and being divorced. However, overall, there does not seem to be a substantial difference across the two groups of regions in the marginal effect of this characteristic.
The final group of rows in Table 5 corresponds to our estimates of the marginal effects of household characteristics. In general, there is greater heterogeneity in the significance and magnitude of these estimated effects, as they differ sharply from one year to another and between the two groups of regions. However, their impact seems to be greatest in the HUR group. For instance, household size, proxied by both the number of members and the number of children, had a significant effect only in the HUR regions (though the impact was not significant in those regions in 2004). 8 Being the head of the household and the presence of another household member with employment reduced the chances of unemployment in both types of region, albeit that the impact was greater in the HUR group.
All in all, the results in Table 5 confirm the existence of sizeable regional differences in the marginal effects of the observed characteristics. This suggests that unemployment rates vary from region to region because, as stressed in the previous section, there are regional differences in the distribution of individual characteristics (i.e., spatial sorting associated with observed characteristics), but also because of the existence of regional heterogeneity in their impact on the probability of unemployment (i.e., differences in behavioural responses). In the case of education, the regional unemployment gap can be explained therefore by the fact that individuals in the HUR have lower levels of educational attainment, and by the fact that individuals with low levels of schooling in these regions face a higher probability of being unemployed vis-à-vis individuals endowed with higher levels of education.
Decomposition of the regional gap in the probability of unemployment
The estimate of the coefficients of the probit models for the two groups of regions in the years under analysis, and the sample averages of the observable characteristics in each group are used to compute the overall and the detailed decompositions in (5) and (6), respectively.
Notice that the probit models were estimated by including the normalization in Yun (2005 Yun ( , 2008 ) so as to guarantee the robustness of the decomposition to the omitted category for the discrete variables. The results of the decomposition are summarised in Table 6 . The first row of results in the table shows the magnitude of the gap between the two groups in each of the years. This is simply the difference in the average probability of unemployment from the sample of individuals in each macro-region (as shown in Table 2 ). The next row of data displays the results of the overall decomposition, i.e., the part of the gap attributable to differences in the endowment of the whole set of characteristics (which we assimilate with the spatial sorting of individuals) and to differences in the impact of all of them.
8 Any interpretation of the estimated impact of these two characteristics needs to take into account the fact that there is a degree of colinearity owing to the way in which the number of household members has been constructed -i.e., it includes the number of children. In line with a number of previous studies we have preferred to include children in the computation of total household size to allow for a joint effect of both characteristics. Yet, notice that this does not affect the decomposition analysis if we are solely interested in the joint effect attributable to regional differences in household characteristics, rather than that of each of its components. In this regard, excluding the number of children from the size of the household does not affect the main results of the decomposition.
The remaining rows correspond to the results of the detailed decomposition, i.e., the part of the gap attributable to each characteristic, or set of characteristics, distinguishing between the part corresponding to differences in the endowment and the part corresponding to differences in the impact. More specifically, Table 6 reports the contribution of regional differences in schooling and in the set of other individual characteristics. Their sum corresponds to the contribution of the overall set of individual characteristics. Next, the table reports results associated with the set of household characteristics and to the intercept. 9 In all cases, a regular font denotes significance at the 1% level, while italics are used to denote that the contribution is not significantly different from zero at standard levels.
Results of the overall decomposition confirm that the regional gap in unemployment rates characteristics favoured the HUR regions in the sense that they prevented the regional gap in unemployment rates from growing even wider.
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As for the results of the detailed decomposition, the contribution of differences in the endowment of individual characteristics is higher than that of household characteristics. For example, in 2009, differences in the endowment of individual characteristics accounted for 2.74 percentage points while the contribution of differences in the endowment of household characteristic was just 1.05 percentage points (72% and 28% of the total effect attributable to 9 Results for the separate contribution of schooling are provided given our interest in assessing the impact of regional disparities in this magnitude. Detailed results for all categories of observed characteristics are not reported here for reasons of space. They are, however, available from the authors upon request. the addition of the effect attributable to differences in the estimated intercept for the two groups of regions. As the constant term incorporates the effect of factors that do not vary across individuals within each group of regions, it seems that its contribution to the unemployment rate gap can be explained in terms of differences in the macroeconomic or aggregate features within each region. This in turn points to the need to combine the results obtained from using both micro-(as in this study) and macro-data.
In short, the results of the decomposition confirm the role played by regional differences in the impact of the observable characteristics. Its contribution is even more intense than that attributable to differences in endowments. Our results also support the hypothesis that regional differences in an individual's education are an essential element in accounting for regional disparities in unemployment rates. In addition, it would also seem that its effect is far from straightforward since as well as the effect associated with regional differences in endowments, there is a sophisticated contribution linked to regional heterogeneity in its impact on the probability of unemployment.
ADDITIONAL RESULTS
In this section, we first discuss the results of the detailed decomposition of the regional gap in unemployment rates when a set of dummies for the different levels of educational attainment is used as a proxy for education, instead of the number of years of schooling. Although interpreting the contribution of education in this case is not as straightforward, it enables us to assess the effect attributable to the different types and levels of formal education. 11 Secondly,
given the well-documented gender differences in characteristics and in the behavioural responses to unemployment, we decompose the gaps in male and female regional unemployment rates. The results of the decomposition are found to vary when there are significant regional differences between the distribution of male and female characteristics and in their impact.
Decomposition using levels of educational attainment
Decomposition results when using dummies for the levels of educational attainment are reported in Table 7 . Note that the overall findings from the decomposition remain unaltered, 11 Note that the normalization in the probit equation suggested by Yun (2008) avoids the so-called identification problem of the contribution of the differences in the coefficients associated with the dummy variables. Yet, any interpretation of the contribution of the coefficients in each of the categories needs to be treated with caution since the parametric constraints imposed by normalisation on the coefficients prevents all of them in one group from being higher or lower than those in the other group (see Gardeazabal and Ugidos, 2004 ; page 1035).
as the contribution of endowments and impacts, and the detailed contribution of the individual and household characteristics, are similar to those discussed in the previous section when using the number of years of schooling as the proxy for education. However, there is a marked distinction in the effect attributable to the overall difference in the impact of education. As indicated in the previous section, the higher negative impact of education in the probit model for the HUR group means this effect is negative when we use the years of schooling as the proxy for education. Here, however, the aggregate effect attributable to differences in impacts associated with the dummies for levels of educational attainment is positive in 1999 and in 2009. Indeed, the effect is only negative in 2004 and then at a much lower magnitude than that obtained when using the number of years of schooling.
A detailed analysis of the contribution of each of the categories of education reveals that the positive effect is associated with the lowest levels of education, while a negative effect is observed in association with both high school and tertiary education. Thus, it would appear that the highest levels of education had a favourable impact on the HUR group, reducing the gap in the rate of unemployment. Yet, the contribution of these levels of education was counterbalanced by that of primary and lower secondary education and vocational training.
The impact of these levels of schooling on the probability of unemployment in the HUR group was negative but of a lower magnitude than that observed in the LUR group. As a result, they served to increase the regional gap in the unemployment rate.
Thus, it is the greater response recorded by the probability of unemployment to the higher levels of education in the HUR regions that account for the negative contribution of education reported in the previous section. In fact, the reduction in the contribution of this component in 2009 can also be attributed to the reduction in the effect of these categories of education.
Finally, one side-effect of this analysis that specifically considers levels of educational attainment is the declining role assigned to the difference in the intercepts of the two groups of regions. Our results suggest that the negative effect assigned to the impact of education in the previous section was offset by an increase in the positive effect corresponding to the intercept (perhaps as a reaction to the homogenous effect that was imposed on the number of years of schooling regardless of the level of education).
Decomposition by gender
The results of the decomposition by gender are summarised in Tables 8 and 9 for males and females, respectively. Here, the tables include an additional top row showing the unemployment rate in the HUR and in the LUR groups of regions for the three years under analysis. These figures show i) a higher female unemployment rate regardless of region, ii) that a regional gap exists for both males and females, although it is wider in absolute terms in the latter case (and wider also in relative terms in 2004 and 2009), and iii) a somewhat different evolution over time in the respective gaps by gender, increasing in the case of males following the impact of the financial crisis (2009), while it continued to decrease in the case of females over the entire period under analysis. These disparities in the size of the gap and in its evolution, together with gender differences in behavioural responses, 12 point to the need for a separate analysis of the gap decomposition, which is what we discuss in this subsection.
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Our results from the decomposition of the regional gap by gender reveal a general picture that is quite similar to the one obtained above for the entire population. The overall contribution of endowments and of impacts is qualitatively analogous to that reported previously when not accounting for gender differences: the part attributable to regional heterogeneity in the impact of the observed characteristics is greater than that attributable to endowments for both males and females. It should be stressed, however, that the contribution of endowments in the case of males is slightly less than that for females, and thus for the entire population. In fact, in absolute terms, the contribution of endowments accounts for a sizeable part of the gender difference in the regional gap. For instance, in the first year under analysis, the gap observed for males was 14.31 percentage points while that corresponding to females was 20.82. If we eliminate the contribution of regional differences in endowments then we obtain a gap of 11.87 percentage points for males and 14.05 for females, and thus a narrower gap between the genders. The same effect is recorded in the other two years under analysis.
The detailed decomposition shows that the lower absolute contribution of endowments in the case of males is attributable to the smaller effect of their individual and household characteristics. In other words, regional disparities in the endowment of individual and 12 The full set of estimates of behavioural responses (marginal effects from the probit models) for males and females are not included here for reasons of space, but are available from the authors upon request. 13 An example of separate estimates of responses involving labour market magnitudes by gender can be found in Elhorst and Zeilstra (2007) .
household characteristics exert a stronger effect for females than it does for males.
Interestingly, this is particularly evident in the case of education, as the contribution of differences across regions in the number of years of schooling for females is twice that for males in absolute terms. As for the effects associated with impacts, a number of differences are recorded between females and males which, moreover, vary depending on the characteristic and over the years. 
CONCLUDING COMMENTS
In this paper we have shown that by using micro-data we can provide additional insights into the understanding of regional disparities in unemployment to those previously obtained from studies based on aggregate regional data. A micro-data approach allows us to implement a more detailed control over regional differences in the distribution of individual and household characteristics, without their having the same impact across regions. Furthermore, the decomposition of the regional gap in unemployment rates enables us to assess regional differences in terms of both the endowment of the observed characteristics and their impact.
This has proved particularly useful when analyzing the impact of education on regional unemployment disparities.
Results for Spain confirm that regional disparities in unemployment rates are large and persistent. They also indicate that differences across regions in terms of their respective endowments of individual and household (observed) characteristics only account in part for the gap between the regions with the highest and lowest rates. In fact, the regional heterogeneity in their impact on the probability of unemployment accounts for as much as the spatial sorting associated with the observable characteristics. Among the characteristics considered in this analysis, our results confirm the importance of differences across regions in education, both in terms of endowment and its impact. Indeed, the homogenisation of levels of education and of its impact would have an effect on the gap in the regional unemployment rate which, nonetheless, is more complex than was expected a priori. Thus, while it seems that the homogenisation of the endowment of education across regions reduces disparities in unemployment rates, the equalization of the behavioural response associated with education is likely to increase the gap. The reason for what is, a priori, a counterintuitive result seems to be related to the greater reduction in the chances of unemployment for those with the highest levels of education in the regions experiencing the highest unemployment rates. Therefore, a reduction in the magnitude of this effect to a similar level to that found in regions with the lowest rates of unemployment will tend to increase unemployment rates in the first group of regions.
In addition to the effect attributable to differences in the impact of the observed characteristics, the sizeable contribution assigned to the intercept of the probabilistic model suggests that analyses exploiting micro-data should be combined with studies using aggregate data (for instance, see the results on the role played by capital accumulation for the Spanish regions in Bande and Karanassou, 2009) . Therefore, it is our belief that neither the earlier aggregate studies nor studies based solely on micro-data provide a complete explanation of the reasons underpinning regional disparities in unemployment rates. To obtain a better understanding as to why unemployment rates are much higher in some regions than in others, the findings and conclusions from both approaches should be jointly considered. An integrated analysis for a larger sample of regions is, therefore, on our future research agenda. Prob > χ χ 2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 Notes: Marginal effects computed in the corresponding sample average of each group of regions. ***, **, and* denote statistically significant at 1%, 5%, and 10% respectively. 
